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are well established as essential regulators of gene expression by CD8 + T cells during infection, including those encoded by Tbx21, Tcf7, Eomes, Id2, Id3 and Prdm1, yet it is likely that many additional factors that affect CD8 + T cell differentiation are yet to be described. Such factors are more efficiently identified by unbiased methods such as transcriptomics.
CD8 + T cells are known to share certain functional abilities and transcription factors with other cells of the immune system; however, the transcriptional relationship between CD8 + T cells and other cytolytic lymphocyte populations is not well described. The ImmGen Program offered a unique opportunity to address this question, given its unmatched inventory of directly comparable transcriptomic data for hundreds of different types of cells of the immune system. We have made a systematic and temporally resolved analysis of transcriptional changes that occur through the antigen-specific responses of CD8 + T cells, from early time points of activation to the analysis of long-term memory cells, in the context of various infection settings. From these data, we have identified previously unknown clusters of coregulated genes and used network-reconstruction analyses of the ImmGen Consortium to predict transcriptional activators and repressors or genes with differences in expression. These analyses allowed us to profile CD8 + T cells with differing memory potential and obtain insights into the transcriptional processes that govern the differentiation of effector and memory cell populations.
RESULTS

Temporally regulated expression patterns in CD8 + T cells
To establish a molecular profile of pathogen-reactive CD8 + T cells over the course of infection, we transferred congenic naive OT-I T The Immunological Genome (ImmGen) Project is a partnership between immunologists and computational biologists with the goal of carefully and comprehensively defining gene-expression and regulatory networks in cells of the mouse immune system by highly standardized methods of sample collection and data preparation 1 . Here we sought to identify and track the transcriptional programs initiated in CD8 + T cells during the response to in vivo activation by bacterial or viral antigens. CD8 + cytotoxic T cells have important roles in the clearance of intracellular pathogens and tumors. In the uninfected state, a diverse repertoire of resting, naive CD8 + T cells populate peripheral lymphoid organs. After infection, CD8 + T cells transition from quiescent, poor effector cells to metabolically active, proliferating cells with cytolytic function and the capacity for rapid cytokine production. That progression is accompanied by changes in gene expression that reflect each stage of differentiation [2] [3] [4] [5] . During expansion, the innate immune response induced by different pathogens creates infection-specific inflammatory environments that influence the kinetics of T cell population expansion and the effector differentiation and memory potential of CD8 + T cells 6, 7 . However, the effect of such unique proinflammatory environments on transcriptional networks and gene expression by CD8 + T cells is not well understood.
After pathogen clearance, most CD8 + T cells die, which leaves a select few with the ability to form long-term memory and to protect the host from reinfection. Each differentiation state-naive, effector, terminally differentiated effector and memory-is thought to be orchestrated by a network of transcription factors with key downstream targets that enable and enforce stage-specific cellular traits. In confirmation of that, certain transcriptional activators or repressors cells (which have transgenic expression of a T cell antigen receptor (TCR) that recognizes a fragment of ovalbumin (OVA; amino acids 257-264) presented by the major histocompatibility complex molecule H-2K b ) into C57BL/6J mice, which we then immunized with OVA-expressing Listeria monocytogenes (Lm-OVA) as a model pathogen-associated antigen. We collected splenic CD8 + T cells on days 6, 8, 10, 15, 45 and 100 of infection and sorted the cells to high purity for gene-expression profiling by the ImmGen data-generation and quality-control pipelines ( Supplementary Fig. 1a and Supplementary Note 1). We transferred the minimum number of OT-I cells that still allowed adequate recovery of responding cells for analysis. For collection on days 6 and later, we transferred 5 × 10 3 donor cells 1 d before immunization, which represented a relatively low precursor frequency, albeit higher than the endogenous repertoire of T cells specific for H2-K b -OVA peptide 8, 9 . To gain better understanding of the changes in gene expression that occur during the earliest stages of the response after activation, before the expansion phase, we used the following alternative approach: we first infected mice with Lm-OVA and, 1 d later, transferred OT-I CD8 + cells into the mice and then isolated the cells on days 0.5, 1 and 2 after transfer. This approach included a greater frequency of precursor cells (1 × 10 6 transferred cells) and allowed the infection to become established so that transferred OT-I cells were rapidly recruited into the immune response. The expression of markers associated with activation and differentiation by these cells was similar to that of cells transferred at a lower precursor frequency (5 × 10 3 transferred cells), and any differences were consistent with more rapid contraction and differentiation into the memory subset (Supplementary Fig. 2) . We analyzed the transferred OT-I CD8 + T cells by flow cytometry for expression of phenotypic markers of activation and/or memory. We found that expression CD127, CD62L and CD27 was downregulated with activation, followed by reexpression in memory cells, whereas the expression of CD69 and CD44 was uniformly upregulated, as expected (Supplementary Fig. 1b) , which indicated that all of the transferred cells were activated.
The number of genes with different expression in infection-exposed OT-I cells versus naive OT-I cells peaked within 48 h of infection; unexpectedly, at later time points, a greater proportion of genes with altered expression were downregulated than were upregulated (Fig. 1a) To determine the biological processes probably associated with each cluster, we identified groups of genes that shared gene-ontology designations (Fig. 1c and Supplementary Table 2) . Cluster I included genes with expression that was upregulated 12 h after activation, then decreased immediately but remained higher than that in naive cells. This cluster had the fewest genes and notably included genes encoding early effector molecules. Cluster II had the most genes (577); a large proportion encoded RNA-processing molecules or molecules related to RNA processing, but this cluster also included genes downstream of TCR activation, such as Egr2 and Cd69. As expected, genes in cluster III encoded molecules mostly related to the cell cycle and proliferation, processes coincident with the proliferative burst. Cluster IV included genes with the highest expression in naive and memory CD8 + T cells, such as Sell (which encodes CD62L), and genes encoding molecules suspected to have roles in suppressing the immune response, including Cnr2 and Slfn5. The genes of cluster V mostly encoded ribosomal proteins and small nuclear RNAs and had moderate expression in naive and early activated cells as well as in the memory population. Cluster VI included genes that encode phenotypic markers traditionally associated with effector and effector-memory CD8 + subsets, such as KLRG1, CD11b and Id2, as well as migratory receptors, such as S1PR5 and CX3CR1. Genes associated with memory-precursor cells were present in cluster VII, including Il7r, Bcl2 and Tcf7. Gene expression in cluster VIII was lower in cells responding to infection than in naive T cells early in the response, and expression recovered after day 6; gene expression in cluster IX was low in naive cells, then rose and then fell slowly over time; whereas gene expression in cluster X remained high into memory time points.
Included in clusters IX and X were many genes whose products have known roles in memory formation, such as T-bet (Tbx21) and Blimp-1 (Prdm1), in addition to inflammatory receptors such as S1PR1 and the interleukin 12 receptor (IL-12R), and Krüppel-like-factors, which have been linked to proliferation and survival 10 ; this provided early confirmation of the validity of the technique. More unexpected was the rapid upregulation of expression of effector molecules such as granzyme B, interferon-γ and IL-2, encoded by genes of cluster I. Although it has been shown in reporter mice that an interferon-γ signal can be detected as early as 24 h after immunization with OVA peptide-pulsed dendritic cells 11 , our data suggested that the gain of effector function that occurred with priming was initiated as early as 12 h after antigen recognition.
To identify unique genes encoding molecules potentially involved specifically in the function of memory and late memory CD8 + T cells, we looked for transcripts that correlated with an exemplar of each cluster (genes not expressed until day 45 or day 100; R 2 > 0.85). Very few genes met those strict criteria; we identified six genes as 'memory specific' and seven as 'late-memory specific' . We confirmed mRNA abundance by quantitative PCR ( Fig. 1d and Supplementary Fig. 3 ). According to those criteria, no genes were specifically downregulated at the later time points, which was unexpected, given the quiescent state of memory cells. As anticipated, Bcl2 expression was higher in the memory subset; Bcl2 expression has been linked to memory formation and survival, consistent with the emergence of long-lived memory cells from the heterogeneous pool of effector-memory populations 12 . That observation enhanced our confidence in the accuracy of our identification of memory-specific and late-memory-specific genes, never before associated with memory formation and/or maintenance, to our knowledge. Notably, we identified Cdh1 as a late-memory-specific gene. Its product, E-cadherin, is a calcium-dependent homophilic adhesion molecule and a ligand of the effector-cell marker KLRG1 (ref. 13 ) and the integrin CD103 (ref. 14) . This suggested that the oldest memory cells may be capable of unique adhesive interactions and may access distinct microenvironmental niches. Expression may also serve as a unique surface identifier of late-memory cells.
As the metabolic regulation of the differentiation of memory T cells is a topic of broad interest, we used gene-ontology annotations to examine the expression of genes encoding molecules in specific metabolic pathways. Genes encoding glycolysis-related molecules were almost exclusively in cluster II, whereas genes encoding molecules related to the respiratory chain and fatty-acid metabolism were distributed among clusters II, III, V and VIII; the former two clusters represented rapidly dividing cells and included genes encoding molecules involved in fatty-acid biosynthesis, whereas the latter two clusters included genes maintained in naive cells as well as memory cells and those encoding molecules involved in the transport of acetyl-CoA and fatty-acid oxidation ( Fig. 1e and Supplementary Table 2 ). These data supported the observation that a switch from glycolysis to fatty-acid metabolism is necessary for proper memory formation [15] [16] [17] .
Predicted regulators of the T cell response
The breadth of information in the data set from the ImmGen Project provided a platform with which to investigate the basis of the different patterns of gene regulation observed across the ten clusters of CD8 + T cells identified. As part of the global analysis of the ImmGen Project, which includes all types of cells of the immune system, we used cutting-edge network reverse engineering to identify potential regulators of gene expression 18 (metadata, http://www.immgen.org/ ModsRegs/modules.html). Each 'module' of the ImmGen Project consists of groups of coregulated genes identified from the entire data set of the ImmGen Project (explanation of modules, ref. 18; modules, http://www.immgen.org/ModsRegs/modules.html). We then used the Ontogenet algorithm 18 to predict likely transcriptional regulators for each module on the basis of the expression profile of those gene sets, 'leveraged' by analysis including all data from the ImmGen Project. To determine where our activated CD8 + T cell clusters were in those modules, we used a hypergeometric test for two groups (comparing each CD8 + T cell cluster to each fine module) to identify any statistically significant enrichment for genes of clusters I-X in fine modules of the ImmGen Project (with application of a Benjamini-Hochberg false-discovery rate of 0.05 or lower to the P-value table of all ten clusters throughout all fine modules). We found that several fine modules showed significant enrichment for genes of each cluster ( Supplementary Fig. 4a and Supplementary Table 3) . For example, fine module 99, which includes genes expressed in natural killer (NK) cells, NKT cells and activated CD8 + T cells, showed the most significant enrichment for genes in cluster X. Associated with each fine module were predicted transcriptional 'regulators' of the genes identified in each cluster, each with a 'regulatory weight' in a given cell type that indicates its activity as a regulator for a particular module in a particular cell type. We pooled predicted activators or repressors from all of the fine modules that showed enrichment npg r e s o u r c e for genes from CD8 + T cell clusters (I-X) and ranked them in order of the predicted regulatory weight. We used a linear model to generate a prediction of the expression of the modules' genes in each cell type on the basis of the activity-weighted expression of the regulators 18 . We assigned colors on the basis of their predicted role as regulators of gene expression (as indicated by the meta-analysis at http://www.immgen.org/ModsRegs/modules. html) in T cells, CD8 + T cells or activated T cells (Fig. 2) . We identified many genes encoding transcriptional regulators known to have roles in CD8 + T cell activation and differentiation, including Tbx21, Erg2, Egr3, Prdm1, Bcl11b, Tcf7, Bcl6, Foxo1, Foxo3, Id2, Tcf3 and many genes encoding STAT proteins ( Fig. 2 and Supplementary  Fig. 4 ). For example, on the basis of these results, we predicted that the products of Id2, Tbx21 and Prdm1 in various combinations would positively regulate genes in clusters VI, IX and X, which include genes expressed in short-term effector-memory cells; it is known that the loss of each of these regulators results in impaired generation of this subset 19, 20 . Conversely, we identified the Tcf7 as encoding a regulator of the genes in clusters IV, VII and VIII, which include many genes associated with naive and long-term memory populations; it is known that loss of Tcf7 impairs memory formation. Thus, this strategy holds promise for the identification of additional regulators of the CD8 + T cell response.
The expression patterns of CD127 (IL-7R) and KLRG1 can be used to predict T cell fate early in the immune response [21] [22] [23] . IL-7R lo KLRG1 hi cells have been identified as short-lived effector cells, whereas IL-7R hi KLRG1 lo CD8 + T cell populations include a subset of cells that go on to become long-lived memory cells and have been called 'memory-precursor effector cells' 19 . To put our data in context of that paradigm, we used published microarray data comparing the gene expression of IL-7R hi and IL-7R lo CD8 + effector cells responding to infection with lymphocytic choriomenengitis virus 19 and analyzed the expression of those genes in the context of infection with Lm-OVA (Supplementary Fig. 5 ). Cells near the peak of infection showed enrichment for the majority (86%) of genes with higher expression in the IL-7R lo CD8 + T cell population than in the IL-7R hi CD8 + T cell population; these included genes encoding molecules involved in cell cycle and mitosis, almost half of which were in cluster III ( Supplementary  Fig. 5a,c) . The IL-7R lo effector cell population showed enrichment for genes from clusters VI, IX and X; these included genes whose expression increased at the peak of infection (48 h) and then was sustained or decreased slowly in the memory phase (Supplementary Fig. 5a,c) . Genes expressed by IL-7R hi cells near the peak of the response were upregulated only very late during infection when we evaluated expression by the CD8 + population as a whole, which supported the idea that these cells truly represented precursors that seeded the longterm memory compartment ( Supplementary Fig. 5b,d) . Many of these genes 'turned off ' by 48 h, not to re-emerge until day 45 of the response, which suggested that some priming of gene expression may have occurred very soon after antigen exposure.
We also identified many regulators whose involvement was previously unappreciated in the differentiation of CD8 + T cell response by this strategy. Confirming a potential for predicted involvement, quantitative PCR showed that the abundance of Rora, Zeb2, Tox, Ets1 and Tcf19 mRNA was greater in the KLRG1 hi CD8 + effector T cell subset than in KLRG1 lo effector cells sorted from the same response (Supplementary Fig. 4c) . Comparison of the expression of those regulators in the context of KLRG1 expression provided preliminary information about their potential functions; for example, Rora and Zeb2 were expressed 'preferentially' in the KLRG1 hi subset and both encode predicted positive regulators of genes in clusters VI and X, which include genes expressed by short-term effector, short-term memory and late effector-memory cells. These data suggested that the products of Rora and Zeb2 and other previously unknown regulators may control the gene-expression patterns of those subsets of CD8 + effector cells.
Core gene clusters during CD8 + T cell differentiation
We next used the CD8 + T cell cluster gene signatures identified above (Fig. 1) to correlate changes in gene expression during differentiation into short-lived effector-memory or long-term memory precursor cells. Inhibition of transcription factors of the E-protein family by Id2 and Id3 has been shown to alter CD8 + T cell differentiation [24] [25] [26] . For example, loss of Id2 expression impairs the survival of effector cells and results in the failure to accumulate KLRG1 hi short-lived effector cells 24 . Conversely, Id3 is needed to sustain the long-lived memory population, and abundant Id3 expression can be used to predict memory-precursor potential 24 . To determine how differences in gene expression early in the immune response could be used to predict and were correlated with known memory potential of particular populations, we evaluated gene-expression profiles in the context of our ten expression clusters for three comparisons of CD8 + Figure 2 Coregulated genes can be used to predict transcriptional regulation of T cell activation. Enrichment for genes in activated CD8 + T cell clusters (identified in Fig. 1 ) in the context of fine modules of coregulated genes identified by the ImmGen Consortium, for genes encoding selected regulators of T cells (key) predicted through the use of the Ontogenet algorithm 18 based on enriched modules ( Supplementary Fig. 4 ), 'curated' by relevance to T cell biology and in order of predicted weight, for which genes with a 'weight' of 0 do not contribute to the regulatory program of that cell population.
npg r e s o u r c e OT-I cells, sorted on the basis of their expression of a green fluorescent protein (GFP) reporter of Id3 on day 5 of infection 24 (Fig. 3a) . In each comparison, cells with greater memory potential were in the first population listed. We assessed whether genes from each cluster were biased toward cells with memory potential versus effector potential in any of the comparisons (Fig. 3b) ; here, we determined 'enrichment' by the fraction of genes with a change in expression of over onefold (versus the null hypothesis of independence of 0.5). This analysis shows skewing for many of the key CD8 + T cell gene clusters: genes in clusters III, VI, IX and X, which included many of the effector and effector-memory associated genes, were 'preferentially' expressed in the Id2-wild-type, KLRG1 hi and Id3 lo populations, whereas genes in clusters IV, V and VII, which included genes associated with naive, early effector and late memory, were 'preferentially' expressed in the Id2-deficient, KLRG1 lo and Id3 hi populations.
To further demonstrate the relative gene expression in the three comparisons, we generated plots of each comparison for clusters II, III, IV and VII (Fig. 3c) . We found considerable enrichment for genes linked to cluster IV (naive and late memory) and cluster VII (memory precursor) in Id2-deficient, KLRG1 lo and Id3 hi cells (Fig. 3b) ; 90-97% of the genes in cluster IV and 72-81% of those in cluster VII had higher expression in Id2-deficient, KLRG1 lo and Id3 hi cells than their counterpart populations (Id2-wild-type, KLRG1 hi and Id3 lo , respectively). This analysis also provided several unexpected observations. Of particular interest to us was cluster II, for which genes encoding molecules associated with proliferation and division were expressed differently by Id2-deficient versus Id2-wild-type cells and by KLRG1 hi cells versus KLRG1 lo cells but had equivalent expression in Id3 hi cells and Id3 lo cells. Notably, all three comparisons indicated that the subset of cells biased toward memory precursor potential had lower expression of genes in cluster III (cell cycle and division) and cluster IV (short-term effector memory) than did their more short-lived effector counterparts, even at the peak of expansion (Fig. 3a,c) . These data suggested that the earliest phases of the immune responses in the context of deficiency in Id2 or Id3 may have previously unappreciated differences in activation or division based on the temporal regulation of genes in cluster II and III, defects not identified in earlier analyses of deficient cells. Furthermore, although it has been reported to be homogeneous, the population assumed to contain memory precursors may actually be more heterogeneous than previously thought.
TCR clonality does not alter core gene signatures
Many immunological advances have made use of model pathogens and donor cells with transgenic expression of TCRs that can be monitored by artificially high precursor frequency and/or expression of congenic markers. However, it is known that the broader range of affinity and lower precursor frequency of polyclonal endogenous CD8 + T cell responses, as well as pathogen-specific inflammatory environments, lead to differences in the differentiation of effector and memory cells, including the induction of T-bet expression during infection with L. monocytogenes [27] [28] [29] . We therefore sought to determine if differences in TCR repertoire and frequency led to changes in the expression of core gene clusters. We used tetramers of H-2K b loaded with OVA peptide to identify endogenous, antigen-specific CD8 + T cells from nontransgenic mice infected with Lm-OVA on days 8 and 45 of infection (Supplementary Fig. 6 ). We used the resultant profiling data to compare the transcriptional response of polyclonal OVA peptide-specific (tetramer-positive) cells with that of OT-I T cells, across the gene clusters identified above (Fig. 1) . Few genes had a difference in expression of over twofold in transgenic cells versus tetramer-positive OVA peptide-specific cells at day 8, and even fewer had such a difference in expression at day 45 of infection ( Fig. 4a) , which suggested that the frequency of antigen-specific T cell precursors and TCR repertoire did not greatly alter gene expression at effector or memory time points. The few genes found to be npg r e s o u r c e regulated differently in the two cell types were almost exclusively genes encoding TCRs, ribosomal proteins and small nuclear RNAs. The only notable exceptions were modest enrichment for Klra3, Klra8 and Klra9 transcripts in OT-I cells (data not shown); Klra3, Klra8 and Klra9 had 1.9-, 1.8-and 2.4-fold higher expression, respectively, in tetramer-positive cells than in naive cells and had 3.3-, 2.4-and 3.9-fold higher expression, respectively, in OT-I cells than in naive cells. By comparing the ratio of expression at day 8 to that at day 45 for OT-I and tetramer-positive cells, we observed a similar 'evolution' of gene expression in both conditions, but it was also apparent that genes in clusters II and III had a small but uniformly higher ratio of expression by polyclonal tetramer-positive effector and memory populations (Fig. 4b) . As clusters II and III included many genes encoding molecules involved in cell cycle and division, this suggested that the priming event for a low-frequency, antigen-specific T cell population drove more proliferation of those cells, perhaps because of less competition for antigen and activation signals than the competition encountered by high-frequency precursor cells, for which such signals may be limiting. Notably, however, examination of clusters linked to memory potential or formation (clusters VI-X) showed that most genes were regulated similarly in the two populations. Thus, by genome-wide assessment of gene expression, our data showed that endogenous and monoclonal responses reflected similar 'transcriptional programming' during memory formation and supported the conclusion that the small number of phenotypic differences used to suggest differences in memory formation in this context 8, 30 do not represent a substantial divergence in core gene signatures.
Similar gene signatures during different infections
The immune response tailors itself to each pathogenic threat by responding to molecular cues, including the inflammatory cytokine milieu, antigen load, innate signaling and requirements for CD4 + T cell help, all of which can affect the number of T cells recruited to the response, the kinetics of their activation, and their differentiation fate as effector and memory cells. We sought to determine if there were notable differences in the transcriptional response to stimulation by the same antigen in the context of a bacterial infection versus a viral infection. To contrast with the Lm-OVA model analyzed above, we used vesicular stomatitis virus expressing recombinant ovalbumin (VSV-OVA). We transferred OT-I cells as described above and subsequently infected the recipient mice with either agent. We then collected OT-I cell-derived CD8 + T cells and profiled them as described above.
When we plotted the overall responses, it was apparent that expression patterns over each time course were generally similar, with sequential induction and 'shut-off ' of the same blocks of genes (Fig. 5a) . Some distinctions were detectable; for example, a group of transcripts repressed during the effector period were not reinduced as effectively after infection with VSV-OVA as after infection with Lm-OVA. The induction and contraction of the response after infection with VSV-OVA or Lm-OVA were generally superimposable for the same core gene signatures identified by clusters I-X (Fig. 5b) , which suggested that many aspects of the CD8 + T cell responses were antigen focused and 'blind' to pathogen-specific inflammatory events.
To better delineate differences between the responses, we used analysis of variance (ANOVA); for simplicity, we grouped the results obtained for days 5-10 and days 45-100 into the effector phase and memory phase, respectively. We identified a few distinct transcripts (with a change in expression of over twofold) by this analysis (Fig. 5c  and Supplementary Table 4) . For example, Klrg1 was induced more effectively during infection with Lm-OVA, whereas Ctla4 and Pdcd1 (which encodes the costimulatory molecule PD1) had higher expression during infection with VSV-OVA; these differences tended to be conserved at the effector and memory phases (Fig. 5c) . We confirmed several of those differences at the protein level by flow cytometry; the results reflected expression differences by a subset of cells (CTLA-4 and KLRG1) and different expression by the population as a whole (PD-1; Fig. 5d) . Genes known to be IL-12 dependent 31 during infection had moderately higher expression during infection with Lm-OVA (Supplementary Fig. 7a ). However, this was mainly a difference in magnitude, in that most of the IL-12-responsive genes were upregulated in both infections but were upregulated to a greater extent after infection with Lm-OVA than after infection with VSV-OVA (Supplementary Fig. 7b ). We found a very similar pattern for genes responsive to type I interferons 31 , with moderate skewing toward infection with Lm-OVA ( Supplementary Fig. 7c) ; however, again this was largely due to subtle differences in magnitude ( Supplementary  Fig. 7d ). These data may yield insight into the more rapid contraction of T cell populations responding to VSV than of those responding to L. monocytogenes. However, whereas the differences after infection with Lm-OVA or with VSV-OVA were quantitative, there was minimal indication of transcripts uniquely affected in one condition or the other (Supplementary Table 4) . Despite the distinct milieu elicited by bacterial and viral infection, the core gene-expression programs of our ten clusters were conserved in the CD8 + effector and memory populations (Fig. 5e) , and the few differences tended to represent differences in the amplitude of expression.
Shared signatures of functionally related cell types
Many cell types of the immune system share conserved geneexpression modules. Using data from the ImmGen Project, we compared pairs of B cell, NKT cell and γδ T cell populations to identify any statistically significant enrichment for genes from our CD8 + T cell clusters during their activation, as a clue to differentiation (Fig. 1c) or memory-specific genes (Fig. 1d) in populations of B cells, NKT cells and γδ T cells. Red and blue (key) indicate cluster comparisons with the highest and lowest frequency of correlation (25%): red, higher frequency (>0.75); blue, lower frequency (<0.25). GC, germinal center; foll, follicular; MZ, marginal zone; act, activated; γδ2 + , V γ 2 + γδ T cell; γ δ2 − , Vγ2 − γδ T cell; mem, memory. *P < 0.05 (χ 2 test). (b) Principle-component analysis of various cells (labels in plot and key) for genes defined in Figure 1a . MCMV, mouse cytomegalovirus; thy, thymus; spl, spleen; Tγδ, γδ T cell; IEL, intraepithelial lymphocyte. Data are pooled from three independent experiments with at least three mice per group. Fig. 4b ). *P < 0.001 and **P < 0.00001 (t-test). Data are from three independent experiments with three mice (a-c,e) or four mice (d) per group. npg r e s o u r c e gene sets generated above (Fig. 1d) . However, the only population that showed significant bias toward expression of the 'memory specific' genes was splenic CD4 − NKT cells, compared with resting CD4 + T cells (Fig. 6a) . This supported the idea that NKT cells bridge the gap between innate and adaptive immune responses. In contrast to other comparisons, which showed bias in only a few clusters, activated V γ 2 + and V γ 2 − γδ T cells showed highly significant bias for early and late memory gene sets, compared with resting γδ T cells.
To address those similarities further, we used principal-component analysis to visualize the variation among different innate subsets and memory T cells (Fig. 6b) . We found that NKT cells mapped near memory T cells as well as γδ T cells, whereas NK cells, intraepithelial lymphocytes and effector CD8 + T cells mapped together. Notably, the 'memory' NK cell population did not group with the CD8 + memory populations in particular, which indicated that antigen-experienced NK cells were more similar to NK cell and CD8 + effector T cell populations than to any of the memory populations analyzed. Together these data suggested that NKT cells and γδ T cells may share aspects of their transcriptional profile, as well as functional characteristics, with CD8 + memory cells, whereas the gene-expression signature of CD8 + effector T cells may be more similar to that of innate effector cells, including NK cells and intraepithelial lymphocytes.
DISCUSSION
Through the use of high-resolution microarray analyses, we sought to better understand the complexities of gene-expression changes during the course of infection, covering a range of CD8 + T cell-activation states from early after activation to late memory. Using this data set, we identified clusters of genes with similar expression patterns, which allowed us to visualize core transcriptional changes during the immune response. By comparing the response of CD8 + T cells to model antigens from bacterial and viral infections, we concluded that the transcriptional program governing effector and memory CD8 + T cell differentiation is not necessarily tailored for viral versus bacterial pathogens, despite substantially different infection contexts. Furthermore, we found that monoclonal populations of CD8 + T cells with transgenic expression of the TCR underwent differentiation events very similar to those of their endogenous polyclonal counterparts, which provided previously unavailable confirmation of the biological relevance of transgenic experimental models widely used in immunology. Together these data provide valuable insight into the transcriptional mechanisms of T cell activation and identify putative regulators of CD8 + T cell responses, which offers a resource to the community.
The ten clusters in our analysis allowed us to correlate changes in gene expression with progressive stages of T cell activation and to identify, through evidence of coordinated regulation, previously unknown biological processes that operate during each stage. These clusters fit the present knowledge of gene expression and describe several known biological pathways in activated CD8 + T cells but, notably, we identified many additional genes with characteristic expression kinetics during infection. One unexpected result was the prevalence of genes with strong neuronal association in cluster IV and memory-specific gene sets (Nsg2, Cnr2, Cnrip1 and Prss12). Some of those genes, such as Cnr2, encode molecules with immunosuppressive effects in macrophages 32 and might have a role in maintaining homeostasis in naive and memory T cells. Similarly, members of the Schlafen 5 subfamily curb proliferation when expressed in T cells 33 . Many members of the S1P receptor family were also expressed, in addition to the proinflammatory molecule IL-12Rβ and the prosurvival chemokine receptor CX3CR1. The identification of IL-12Rβ was not unexpected, as IL-12 is known to drive CD8 + T cells toward a terminally differentiated effector phenotype by inducing the transcription factor T-bet 19 ; it is likely other receptor-ligand pairs identified in our analyses have similarly important roles in differentiation and memory formation.
Our analyses allowed a broad, unbiased look at gene-expression and regulatory networks involved in T cell activation. For example, consistent with published work, we identified the products of Id2, Prdm1, Stat4 and Tbx21 as potential regulators of cluster IV, which is one of the clusters mostly closely associated with terminally differentiated effector cells 34 . Our data identified RORα (clusters I, VI and X) as an additional potential regulator of CD8 + effector cells, which is notable, as RORα expression is upregulated after antigen exposure, particularly at the peak of infection, and is important for the STAT3-dependant differentiation of CD4 + cells of the T H 17 subset of helper T cells 35 . Notably, we identified the E proteins E2A (Tcf3; also known as Tcfe2a ) and E2-2 (Tcf4) as potential repressors of clusters IV and VIII, which include genes expressed in naive and late effectormemory populations. Conversely, we identified Id2, ZEB1 and ZEB2, which all may inhibit later E-protein activity, as predicted activators of clusters I, VI, VIII, IX and X. By parsing genes expressed during CD8 + T cell activation into clusters of common kinetic expression, we found many regulators potentially used to activate and/or repress multiple clusters. For example, we identified T-bet as an activator of clusters I, VII, VIII, IX and X but a repressor of cluster IV, which suggests its activity may serve not only to promote effector and effector-memory differentiation programs but also to repress naive and late-memory gene-expression signatures. Thus, we believe this strategy for identifying potential regulators of transcriptional signatures holds promise and will facilitate the elucidation of complex transcriptional networks that control the differentiation of effector and memory T cells at various points in the immune response. The results of our study have established a comprehensive transcriptional view of CD8 + T cell activation, identifying new pathways and genes to be investigated in the context of CD8 + immunity. The data set of the ImmGen Project and the identification and establishment of canonical gene clusters associated with different stages of CD8 + T cell activation and differentiation provides a platform for future studies.
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